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ABSTRACT
Thrombosis in the internal jugular vein (IJV) has been identified as a risk factor for astronauts
undergoing spaceflight, following a 2019 study in which one astronaut developed a thrombus, and
several others experienced stagnant or retrograde blood flow. To better understand this phenomenon, a
model that simulates the effects of microgravity on blood flow in the IJV is being developed. mRNA
and microRNA NGS sequencing will be used to study the transcriptome of human umbilical vein
endothelial cells (HUVEC) in simulated microgravity conditions. A microRNA sequencing
(miRNA-seq) pipeline has been developed to quantify the miRNA sequencing results. A graphical user
interface for differential expression analysis of miRNA read count data, identification of genes targeted
by the miRNAs, and gene set analysis has also been developed. Data from an experiment which
sequenced both miRNA and mRNA is processed using the pipeline and Shiny app.
Index Terms—Differential expression, microRNA, RNA-Seq, Shiny
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I. BACKGROUND
It is known that astronauts may experience atrophy and other physical consequences due to
extended periods of microgravity exposure. These conditions cause substantial changes in the
cardiovascular system such as irregular vasodilation, decreased blood pressure, and redistribution of
fluid. A recent study involving 11 astronauts aboard the International Space Station found that by day 50
of spaceflight, 6 had experienced stagnant or reversed flow in the internal jugular vein (IJV), 1 had
developed a potential thrombus, and another had developed an occlusive thrombus [1]. In their most
recent decadal survey, NASA designated the study of the basic mechanisms and adaptations of vascular
forces during spaceflight as one of their highest priority biological research targets [2].
Advancement in this study is limited by the difficulty of performing experiments in actual
spaceflight conditions. A model system which can be used on the ground is being developed for a
NASA-sponsored study, “Thrombosis in Microgravity.” This system uses endothelialized microchannels
fixed on a random positioning machine which rotates in two axes to simulate the effects of microgravity
exposure on veins. Hemodynamic testing and next-generation sequencing (NGS) will be used to study
the effects of simulated microgravity (SMG) exposure on the endothelial cells at varying flow rates and
gravitational forces.
In preparation for the sequencing results for the “Thrombosis in Microgravity” study, the goal of
this project is to develop and test a pipeline that will be used to analyze miRNA sequencing results. This
pipeline can be used with FASTQ sequencing data from any species with a reference genome and
reference miRNA sequences. A Shiny app for differential expression analysis and gene set analysis is
also presented.
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1.1 miRNA
miRNA plays important roles in gene regulation. Mature miRNA transcripts, which are on
average 22 nucleotides in length, begin as part of primary miRNA transcripts (pri-miRNA) that may be
over hundreds of nucleotides in length [3-4]. Pri-miRNA contains at least one hairpin, known as
precursor miRNA (pre-miRNA) which is typically around 70 nucleotides in length [4].
After transcription, the precursor miRNA hairpins are cleaved from the primary miRNA
transcript by the Drosha ribonuclease at the base of the hairpin structure [5]. These pre-miRNA hairpins
are then exported from the nucleus to the cytoplasm, where they are processed by the Dicer
endonuclease to release the loop structure, leaving a mature miRNA duplex [5]. This processing by the
Drosha and Dicer proteins may produce different variants of precursor and mature miRNA sequences
from the same primary miRNA transcript due to imprecise cleavage [6]. For example, the mature
miRNA transcript “mmu-miR-210-5p” originates from the 5' arm of the mouse (mmu) miR-210
precursor miRNA, whereas “mmu-miR-223-3p” was part of the 3' arm of the mouse miR-210 precursor
hairpin. In the cytoplasm, the mature miRNA duplex is bound by the RISC complex, one arm is used as
a guide sequence while the other is degraded [7].
These miRISC complexes then post-transcriptionally regulate gene expression through base
pairing [8]. While basepairing with completely complementary 3' mRNA UTR sequences may induce
degradation of the mRNA strand, imperfect complementarity has been noted to reduce gene expression
by interfering with initiation of translation [9]. Locations that are targeted by miRNA have been found in
more than 60% of human exons [10]. The miRNA pathway described is known as the canonical miRNA
biogenesis pathway, which is how most miRNAs are processed and affect gene expression [11]. This
pathway is visualized in [12, Fig. 1]
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Figure 1. Canonical miRNA biogenesis pathway
Adapted from [17]
In addition to sequence complementarity, other factors such as cell type, miRNA and target
mRNA abundances, and cellular localization may influence miRNA-mRNA interactions [11]. The
growing accumulation of NGS miRNA data has allowed for a better understanding of gene expression in
biological functions and processes [13]. Studies have shown that miRNA has important roles in
development, disease, and immune responses, but microgravity and spaceflight are conditions for which
little research has been done [14-15].
1.2 RNA Sequencing
Bulk RNA sequencing (RNA-Seq) is a high throughput, next-generation-sequencing technique
that can be used to identify and quantify RNA expression in a biological sample. RNA-Seq provides
useful information about the transcriptome and has become a standard technique in biological
experiments [16]. The procedure typically involves using tissue samples for library preparation and
sequencing by synthesis using the Illumina NGS platform. Sequence information of an individual cluster
in the flow cell used for sequencing is reported in the form of a read in a FASTQ file for single-end
3
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sequencing. The pipeline presented is used to process raw miRNA sequencing results in FASTQ format
and quantify the expression of known miRNAs and identify novel miRNAs.
1.3 Differential Expression Analysis
After the pipeline has been executed, the quantified mapped reads can be used for differential
expression (DE) analysis. DE Analysis compares the abundances of read counts across groups of
samples [17]. P-values are calculated and used to determine the statistical significance of differences of
read expression levels between groups. The ratio at which reads are expressed in the treatment group
with respect to the control group is measured in log2-fold change (LFC).
1.3.1 DESeq2 Overview
DESeq2 is an R package that is commonly used to perform DE analysis. The two inputs for
DESeq2 are labels assigning samples to different treatment groups and a matrix of quantified RNA
sequencing data with the sample labels as column names and read mapping identifiers as row names.
DESeq2 normalizes read counts and filters outliers and low-count reads for hypothesis testing and
calculates expression differences between groups [18].
Two of the factors that are considered in DESeq2 analysis are library size and library
composition. Library size, or the total number of reads from each sample, may vary due to sequencing
depth rather than biological difference. Library composition refers to the relative representation of each
gene among all reads from a single sample. DESeq2 accounts for both of these issues by normalizing
read counts based on library size factors, retaining the relative expression signature of each gene in each
sample’s library [18]. DESeq2 uses dispersion, a measure of the relationship between the mean and
variance of the expression of each miRNA to fit a generalized linear model (GLM) for each miRNA,
using a negative binomial distribution [18].
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Before performing multiple hypothesis testing for differential expression, DESeq2 filters
miRNAs or genes with low read counts and normalizes counts using sample-specific size factors. The
Wald test is used for hypothesis testing of the differences in expression of a miRNA or gene across two
treatment groups. DESeq2 uses False Discovery Rate (FDR), or the Benjamini-Hochberg method for
multiple test correction. This method is used to limit the overall false positive rate of the DE analysis.
The DESeq2 package includes regularized logarithm (rlog) which makes data more
homoscedastic, which is useful for visualizing the sequencing data. Rlog transforms counts to the log2
scale and shrinks LFC values for genes with low counts across samples together. This shrinking removes
the noise caused by log transformation of low count miRNAs or genes, as it may dominate any
biological signal from differential expression analysis since the variance from the mean differs more
easily by chance at low counts values [18-19]. This normalization method accounts for sequencing depth
and causes low count reads to exhibit more shrinkage [18].
LFC shrinkage is a method which may be useful for visualization of results. Shrinkage of LFC
estimates may be useful for minimizing the number of miRNAs or genes with low counts and high
dispersion values. Applying shrinkage to these groups would allow for a more conservative estimation
of LFC for both groups, reducing the effect of variance in the LFC calculation.
1.4 Downstream Analysis
The DESeq2 results table lists statistics about the expression differences across different
conditions. Differentially expressed miRNA can be queried against a number of online databases which
contain experimentally validated or predicted targeting interactions between miRNA and genes. miRNA
DE analysis results and mRNA DE analysis results may be used to find genes which are differentially
expressed and potentially involved in miRNA-mediated gene regulatory networks.
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Gene set enrichment analysis (GSEA) can be used to find gene sets that show significantly
different expression across treatment groups [20]. Databases such as Gene Ontology (GO) have
compiled ontologies of terms with associated gene sets relating to biological pathways (GO BP), cellular
components (GO CC), and molecular functions (GO MF).
GSEA uses a set of input genes which have been ranked by descending LFC value. The rank of
the genes in the input is used to find sets of genes that are significantly overrepresented at the top and
bottom of the list. Positive enrichment scores are assigned to those gene sets which are at the top of the
list and negative enrichment scores are assigned to those gene sets near the bottom. The p-values of
observing these enrichments are calculated using a permutation test and false discovery rate is used for
multiple testing correction [20].
Another method of gene set analysis is overrepresentation analysis (ORA). Overrepresentation
analysis may be used to determine if sets of genes are overrepresented among a list of genes. P-values
for observing the number of significantly expressed genes in the input data that belong to known gene
sets is found using a hypergeometric distribution. P-values are then adjusted for multiple tests to identify
significantly overrepresented gene sets [21].

II. SNAKEMAKE PIPELINE: MIRNA IDENTIFICATION AND QUANTIFICATION
The miRNA-seq analysis pipeline uses raw miRNA sequencing data from an NGS experiment to
quantify expression of mature miRNAs and identify novel miRNA sequences. The procedure involves
quality checking raw data, quality and adapter trimming, quality checking preprocessed data, indexing
the reference genome, mapping trimmed reads, identifying known and novel miRNA sequences, and
quantifying miRNA expression. The requirements for the pipeline include: FASTQ files for each
sample, the 3' adapter sequence and additional trimming preferences, a reference genome, and miRBase
mature miRNA and precursor miRNA sequences.
6
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Figure 2: miRNA-seq Bioinformatics Pipeline workflow
The pipeline is implemented using Snakemake and deployed on the SJSU College of Sciences
(CoS) HPC platform.
2.1 Pipeline Implementation
The goal is to prepare a bioinformatics pipeline for miRNA identification and quantification. The
pipeline is implemented using Snakemake, a Python-based workflow management system [22]. Setup
involves cloning the project Github repository, installing miRDeep2, creating and activating a Conda
environment with Mamba and Snakemake, moving sequencing data, reference genome, and reference
miRNA sequences to the resources folder, and making changes to a configuration text file. After setup,
the pipeline can be run by entering a single command in the terminal.
A Snakemake workflow is organized as a Snakefile, a Python-based file which is used to specify
each step, defined as a rule, and other configurations. Rules are executed if the input files are available
and can be run in parallel. Conda environments are set up for several rules in the workflow, giving
7
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access to different versions of tools. The Snakefile is executed by submitting the “pipeline.sh” script to
the SLURM job scheduler to keep track of the runtime of the entire analysis [23]. This script is used to
execute the Snakefile, running the Snakemake workflow.
The SJSU CoS HPC provides access to computational resources which can be used to decrease
the runtime of the workflow. Jobs are submitted using SLURM, a workload manager that allows the user
to request computing resources such as CPU cores. The availability of CPU nodes is leveraged in
several steps of the pipeline. Multiple samples are processed in parallel and tools such as Bowtie are run
using multithreading, reducing the runtime compared to running with default options, which may only
use a single core.
2.2 Preprocessing
2.2.1 Quality Checking Raw Data
miRNA FASTQ files (raw miRNA sequencing data) are used as the input data for the pipeline.
Read quality, read composition, and adapter presence are accounted for in the pipeline. There are several
tools that can be used to evaluate raw reads and determine effective preprocessing measures such as
FASTQC and fastp [24-25]. FASTQC is used in the pipeline due to its availability on the SJSU CoS
HPC.
2.2.3 Quality and Adapter Trimming
Adapter sequences are ligated to cDNA for amplification and may be present in the reads and
should be removed before aligning sequences. FASTQC can be used to identify Illumina adapters and
other overrepresented sequences in the raw data [24]. At the same time, low quality bases can be
removed from the data.
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Cutadapt is the tool that is used to trim reads [26]. Cutadapt uses sequencing data as input and
removes parts of the sequences as specified by the parameters used. Reads are quality trimmed, adapter
trimmed, and filtered by trimmed read length. The reads are filtered by length to reduce the number of
reads that are unlikely to be miRNA. Cutadapt is used since it has the option to filter sequences by
maximum length, which other options such as Trimmomatic and the miRDeep2 mapper.pl script lacked
[27-28].
2.2.4 Quality Checking Preprocessed Data
The quality of the trimmed and filtered reads is checked again in order to ensure that the reads
were adequately preprocessed. Lengths of the preprocessed sequences, quality scores across nucleotide
positions, adapter presence, and per base sequence content are some of the metrics that can be used from
FASTQC to determine if preprocessing was successful.
2.2.5 Aggregate Quality Reports
MultiQC is used to create aggregate quality reports for all samples in the dataset [29]. This tool
works by parsing individual sequence-based reports and creating an overall report. Quality reports for
both the raw and preprocessed data are included in the MultiQC reports produced by running the
pipeline.
2.3 Indexing and Aligning Sequences
Bowtie is a software package used for memory-efficient sequence alignment [30]. Bowtie is used
to create a Burrows-Wheeler transform index of the reference sequences and genome of the species that
is being studied. Indexes are used to reduce the memory required to align sequences to a reference.
Anytime a process in the pipeline involves the alignment of a sequence to an index, it is utilizing a
Burrows-Wheeler transform index. Bowtie 1 is specifically used as the sequence aligner because it is a
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requirement of the software package miRDeep2, which is used to perform the mapping, quantification,
and identification of the preprocessed miRNA sequences.
2.4 Mapping Reads
miRDeep2 is a software package that is designed to perform several steps of small RNA
sequencing analysis. It is used for mapping of reads to a reference genome, quantification of reads
mapping to known miRNA transcripts, and identification of known and novel miRNA transcripts. One
of the scripts in the miRDeep2 package is the mapper.pl, which can be used to map miRNA reads to an
indexed reference genome. The requirements for this step are a reference genome that has been indexed
using Bowtie, the sequencing data in FASTQ format, miRBase mature miRNA precursor sequences, and
miRBase miRNA hairpin sequences [31].
2.5 Identifying Known and Novel miRNA Transcripts
After the mapper.pl script has been used, its output, the mappings to the genome, can be used
along with the reference genome, the reference species mature miRNA, and reference species precursor
miRNA sequences to identify known miRNA transcripts. In order to identify novel transcripts, known
miRNA sequences from other species are also used as input for this script. This script utilizes Bowtie for
indexing and mapping, and RNAfold for calculating minimum free energy structures to help identify the
motifs of potential precursor miRNA sequences [28]. Several metrics which can help identify potential
novel miRNAs are produced for each predicted miRNA sequence.
2.6 Quantifying Reads
The quantifier.pl script from the miRDeep2 package is used to quantify the number of reads
mapping to mature miRNAs. Sequenced reads, miRBase miRNA precursors and miRBase mature
miRNA sequences are required for this script. This script indexes known miRNA precursor sequences,
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maps the reference mature miRNA sequences to the precursor index, then also maps the sequenced reads
against the precursor index, and intersects the two mappings. For each mature miRNA, the total read
count, precursor miRNA name, and raw and library-size normalized counts from each sample are
reported [28].

III. SHINY APP: MIRNA AND MRNA DE ANALYSIS AND VISUALIZATION
The R Shiny graphical user interface is used for further analysis of the data that has been
processed with the pipeline. miRNA and gene read count data can be used as input for DE analysis,
finding genes targeted by differentially expressed miRNA, gene set analysis, and various data
visualizations.
Shiny is an R package that can be used to create web applications for processing data using R.
The requirements for using all of the functionalities of the app include miRNA and gene read counts
files and labels for each sample sequenced.
Renv, a package for R dependency management is used for reproducibility of the app
environment. The only requirements to run the Shiny App are installation of R and renv. Specific
versions of the R packages used in the app are installed during set up of the renv environment.
3.1 Uploading Counts Data
Read count files can be uploaded using the tabs under Upload File(s), miRNA Data and
mRNA Data. The same procedure is used for uploading both miRNA and gene read counts. Outputs are
passed to the functions available on the corresponding DESeq2 Analysis pages.
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Figure 3. Shiny app miRNA data upload page
A read counts matrix and sample labels can be uploaded using the Upload and Format
Data box (Figure 4).

Figure 4. Shiny app data upload options
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Separator, quote, and header types of the input files can be selected using the graphical user
interface. The file is read using the selected options and the data is displayed in the View
Dataframes box in the corresponding tabs (Figure 5). After the matrices are displayed properly, the
Counts are Displayed Correctly button should be clicked.

Figure 5. Read counts data display in the Shiny app
The counts matrix that will be used for DESeq2 will be in the View Dataframes box. A bar
plot showing the number of read mappings filtered at different minimum raw read count threshold
values is also displayed below the counts matrix. The slider can be used to adjust this threshold (Figure
6).
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Figure 6. Prefiltering threshold settings
Raw counts pre-filtering for zero and low-counts genes can be used to reduce noise, reduce the
memory size of the DESeq2 objects, and improve the speed of DESeq2 functions [32]. miRNAs or
genes with a number of reads mapping to them less than the minimum value are omitted from the counts
matrix. The total number of rows and the mean number of read counts per row are displayed below the
slider. The Filtered Summary box below displays the remaining number of reads after filtering
(Figure 7).

Figure 7. Raw miRNA read prefiltering results
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Hovering over a bar reveals the exact number and percentage of counts filtered at a given
minimum counts threshold. This barplot is created using the Plotly R package.
3.2 DESeq2 Analysis
The Confirm prefiltering threshold and continue to DESeq2
Analysis button can be clicked to pass the counts matrix to functions available on the DESeq2
Analysis page (Figure 8).

Figure 8. Shiny app DESeq2 page
All columns in the labeling input are available as options in the Select DESeq2 Design
dropdown menu. After selecting a single-factor design, all unique treatment conditions in the design
column can be selected as the reference condition. Once design and reference conditions are selected,
the Create DDS object with selected design factor and Run DESeq2 buttons can
be clicked to start the DESeq2 analysis, making all data visualizations on this page available.
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The DESeq2 results summary is displayed in the Results Summary section (Figure 9).

Figure 9. Shiny app DESeq2 results
The number of upregulated read mappings, downregulated read mappings, outliers, read
mappings independently filtered due to low counts, and the mean counts of the filtered read mappings
are displayed. These results are the output of the DESeq2 summary (res) function. Below it, the size
factors used to normalize the counts are displayed.
The DESeq2 results table is displayed in the Results Table section. The display can be
adjusted using the Results Table Filtering Options section. A significance level and
minimum absolute LFC value slider may be used to adjust the read mappings that are displayed. The
sliders can be used to see genes that are differentially expressed at different thresholds.
Several interactive plots are displayed in the Results Graphs section. The first row of plots
in the Counts Summary tab includes bar plots of the raw counts and size factor normalized counts for
each sample (Figure 10).
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Figure 10. miRNA-seq size factors
Individual bars can be hovered to display the sample name and exact number of counts. Plots are
created using the plotly and ggplot2 packages.
Additional plots in this tab include box plots of the log2 counts for each sample, using raw
counts, size factor normalized counts, rlog normalized counts, and VST normalized counts (Figure 11).

Figure 11. miRNA counts box plots
Individual boxes may be hovered to view minimum, maximum, and quantile log2 counts values
for each sample. Outliers are displayed as black dots and display counts values upon hovering.
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The results graphs also include MA plots to show comparisons between fold change and mean
counts of genes (Figure 12).

Figure 12. MA Plots
The left and right plots are created by using the DESeq2 plotMA function on the regular results table
and the LFC shrank results table, respectively. The main differences between the two plots may be seen
towards the left edges of the plots, where LFC shrinkage was able to remove noise from low counts
values. An input may be used to determine a maximum adjusted p-value of miRNA mappings. Read
mappings will be colored blue if their p-adjusted value is under the threshold or will be gray otherwise.
The PCA Plots tab contains two-dimensional and three-dimensional PCA plots for the rlog
and VST normalized counts data (Figure 13).
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Figure 13. PCA plots
PCA is an unsupervised machine learning technique that is commonly used to reduce the
dimensionality of data into only a few components and retain as much information as possible. The
original dataset is standardized, and a covariance matrix is computed. Eigenvectors and their
corresponding eigenvalues are found for the matrix, where the eigenvectors represent the principal
components and the eigenvalues explains the amount of variance the data has is in that direction. Each
variable in the data is represented by an eigenvector. Eigenvectors are ranked in descending order of
their eigenvalues and the top N eigenvectors are used to reduce the data to N dimensions, or principal
components, for which the variance of the dataset explained by the new feature space has been
calculated [33].
PCA plots used in the shiny app reduce the dimensionality of each DESeq2 counts matrix dataset
to two or three, for the two-dimensional and three-dimensional plots, respectively.
Each plot is labeled with the total variance of all principal components, and the dimensionality
explained by each component in the visualization. Plots may be zoomed out or in and the camera angle
19
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of the three-dimensional plot may be adjusted. Hovering over a point on a plot will display the sample
name and its exact coordinates on the PCA plot.
PCA is performed using the prcomp function from the stats R package. Results are visualized
with Plotly.
The Heatmap tab contains heatmaps of the sample-to-sample distances and the counts matrix
(Figure 14, Figure 15).

Figure 14. Sample-to-sample heatmap
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Figure 15. Gene-to-gene heatmap
Both heatmaps are created using the rlog-transformed count matrix for the entire dataset. The
sample-to-sample heatmap is created by visualizing the complete linkage-clustered Pearson correlation
matrix for the counts matrix.
The counts matrix heatmap is created by scaling the rlog-transformed counts data to z-scores by
row. Inputs for threshold value for maximum adjusted p-value, minimum absolute log2 fold change, and
minimum base mean counts are available. Z-score normalization is used to help cluster genes that
display similar expression patterns across samples. Additional annotations include gene-wise log 10
counts and log2 fold change values, and sample-wise read counts z-score distribution box plots.
Alternative color palettes blueWhiteRed, redWhiteGreen, and redBlackGreen are also available as
21
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options for both heatmaps (Figure 16).

Figure 16. Alternative color schemes for heatmaps
The Pearson correlation matrix is computed using the cor function from the Stats R package.
Heatmaps are visualized using the complexHeatmap R Package.
The Volcano Plots tab contains volcano plots for the normal DESeq2 results table and the
Shrunken LFC results table (Figure 17).

Figure 17. Volcano plots
Log2 fold change values are plotted against -log10 adjusted p-values, and read mappings are
labeled and colored according to their DE analysis results. Significance level (padj) and absolute log2
fold change threshold values can be adjusted using the inputs. Points can be hovered to show the name
of the read mapping and its coordinates on the plot.
Volcano plots are created using the Plotly R package.
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3.3 Finding Gene Targets
The multimiR R package is used to query sets of differentially expressed miRNA against
miRNA targeting databases. These databases contain either experimentally validated or predicted
miRNA and mRNA targeting interactions. The validated targeting databases include mirecords,
mirtarbase, and tarbase. The predicted targeting databases include diana_microt, elmmo, microcosm,
miranda, mirdb, pita, and targetscan [34]. Pairs of validated and predicted miRNA-mRNA targeting
pairs found in the miRNA and mRNA DE analysis results can be used for further analysis.
The Shiny App currently supports human and mouse data. After selecting an organism, lists of
miRNA can be entered (Figure 18).

Figure 18. Gene Target Search Interface
Clicking the Use DESeq2 Results checkbox will populate the input box with the miRNA
from the results table and show filtering options that can be used to filter miRNA with maximum padj
and minimum absolute log2 fold change threshold values (Figure 19).
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Figure 19. Differential expression thresholds for intersection with gene targets
Filtering options for keeping only upregulated or downregulated miRNA are also available.
Input miRNA names must be in miRBase format (e.g. mmu-miR-221-5p). Clicking the Check
miRBase for input miRNA button searches the input list against names of mature miRNA
sequences in miRBase. The mature miRNA names, miRBase accessions, sequences, and DESeq2 padj
and log2FoldChange values are displayed in the Check IDs Used for Targeting Analysis
box (Figure 20).
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Figure 20. Display shown for valid miRNA being used for querying
The miRNA Search Summary box shows the number of miRNA with valid names and the
inputs which were not found in miRBase (Figure 21).

Figure 21. Message displayed for invalid miRNA present in target querying input
DESeq2 results for mRNA can be entered using the Gene Targets List Input box
(Figure 18). Clicking the Map ENSEMBL gene IDs button displays a table with Ensembl gene ID,
gene symbol, and entrez IDs for all genes.
Clicking the Search for Interactions button queries the list of miRNA against
validated and predicted miRNA targeting databases. Results are displayed under Targeting Search
Results. The display only shows gene targets found in the selected databases.
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Figure 22. Data displayed after querying miRNA against targetscan
3.4 Gene Set Analysis
The Functional Enrichment tab can be used to perform GSEA and ORA using the
validated and predicted target genes shown in the Gene Targeting Summaries box (Figure 23).

Figure 23. Shiny app functional enrichment interface
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The genes can also be filtered based on a minimum number of targeting interactions with queried
miRNAs. Target genes found can be intersected with the input genes and DESeq mRNA results by
checking the Only keep input genes checkbox.
Clicking Use DESeq2 results for ranking and gene set will sort the input
genes by descending adjusted p-value using the mRNA DESeq2 results. For ORA, A bar plot, dot plot,
upset plot, and a plot of linkages of genes and enriched terms are displayed (Figure 24).

Figure 24. Shiny app GO overrepresentation analysis results
The bar plot displays the enrichment scores, p-values, and the number of target genes belonging
to each enriched category. The dotplot is similar to the bar plot with the exception that the ratio of genes
belonging to a gene set is plotted on the x-axis instead of the number of genes, and the size of each dot
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corresponds to the number of genes that are part of a gene set. The upset plot displays overlaps between
genes and gene sets. Sizes of different gene sets are depicted by the height of a bar, and the overlapping
categories to which the entire gene set belong are labeled with dots under the bar. The gene-concept
network displays the linkages between the target genes and categories.
GSEA analysis produces both a dot plot and a ridge plot (Figure 25). Similarly to ORA, the
dotplot displays the enrichment scores, p-values, and the number of target genes belonging to each
enriched category. GSEA also produces a ridge plot, showing the distribution of genes across the ranked
list in enriched categories.

Figure 25. Shiny app GSEA results
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IV. DATA AND METHODS
The miRNA quantification pipeline and Shiny app are tested using the FASTQ results from an
experiment which sequenced both miRNA and mRNA. Results from the paper are compared with the
results from analysis with the pipeline and Shiny app and discussed.
4.1 Data: Diabetic Mouse Corneal Tissue
The sequencing data is from an experiment which involved RNA sequencing of regenerative
corneal epithelium tissue from wild-type mice and type 1 diabetic mice to study miRNA-regulated
mechanisms that possibly contribute to the corneal degeneration of diabetic mice [35].
The control group and experimental group each were made up of 6-8 week old male C57BL/6
strain mice. Experimental group mice were induced with type 1 diabetes using a 5-day streptozotocin
(STZ) treatment. The corneal epithelium was removed from 1 eye of each mouse and samples of the
regenerative corneal epithelium were taken for each mouse after 24 hours [35].
Total RNA was extracted from epithelium samples using TRIzol reagent. Library preparation for
miRNA and mRNA was performed using the Illumina NEB Multiplex Small RNA Library Prep Set for
miRNA and the Illumina KAPA Stranded RNA-Seq Library Prep Kit, respectively. The Illumina
NextSeq 500 and the Illumina NovaSeq 6000 were used for sequencing miRNA and mRNA,
respectively [35]. Six sequencing runs were performed, yielding an average of 8,116,386 reads per
sample (Table 1).
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SRR Run ID

Strain

Treatment

Total Reads

SRR15202496

C57BL/6

counterpart

9,026,340

SRR15202497

C57BL/6

counterpart

7,825,455

SRR15202498

C57BL/6

counterpart

7,114,978

SRR15202499

C57BL/6 + STZ

post treatment 16 weeks

7,030,876

SRR15202500

C57BL/6 + STZ

post treatment 16 weeks

7,559,486

SRR15202501

C57BL/6 + STZ

post treatment 16 weeks

10,141,181

Table 1. Dataset miRNA sequencing information
Raw reads were quality trimmed, 3' adapters were removed, and reads under 16 bases in length
were discarded using Cutadapt. Reads were quantified using miRDeep2 with undisclosed versions of
miRBase mature and precursor reference miRNA sequences. The GRCm38 reference mouse genome
was used [35].
edgeR was used for DE analysis of miRNA, identifying 77 differentially expressed miRNA
(DEmiRNA). miRNA with p-value < .05, Counts per million ≥ 1, and |log 2 fold change| ≥ 0.585 were
considered differentially expressed. Ballgown was used for DE analysis of mRNA, identifying 186
DEmRNA. mRNA with p-value < 0.05, FPKM > 0.5, and |log 2 fold change| ≥ 0.585 were considered
differentially expressed [35].
Among the top five most highly upregulated DEmiRNA, miR615-3p and miR-483-3p were
noted to have shown biological relevance, having been studied in previous diabetes-related experiments.
Several predicted gene target pairs were identified. The highly upregulated miRNA 223-5p and its
predicted target gene Hpgds were further studied due to other studies having reported on their roles in
diabetes-induced disorders and increased insulin sensitivity, respectively. A subsequent experiment
using miR-223-5p antagomir treatment was associated with upregulation of Hpgds and promoted
diabetic corneal nerve regeneration, demonstrating the influence of miR-223-5p on diabetic corneal
epithelium regeneration [36].
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4.2 Pipeline Execution
FASTQ files for six samples were used for the analysis. Reads were processed with Cutadapt.
Reads were end-quality trimmed with a phred quality threshold of 20 [36-37]. Adapter trimming was
used to remove the 3' Truseq Single Index Library Adapter
'AGATCGGAAGAGCACACGTCTGAACTCCAGTCA'. Reads shorter than 16 bases in length were
discarded.
Preprocessed reads were mapped against miRBase v22 reference miRNA sequences and
quantified using the miRDeep2 quantifier.pl script.
Mature miRNA transcripts were identified using the Mus musculus GRCm38.p6 genome and
miRBase v22 mouse (mmu), human (hsa), and rat (rno) reference miRNA sequences with the
miRDeeep2 mapper.pl and miRDeep2.pl scripts.

V. RESULTS
5.1 Pipeline Results
FASTQ files for six samples contained 48,698,316 raw reads. Reads were processed with
Cutadapt for quality and adapter trimming, removing the 3' Truseq Single Index Library Adapter
'AGATCGGAAGAGCACACGTCTGAACTCCAGTCA' 48,015,966 times (Table 2).
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Sample

strain

# of Raw Reads

# Preprocessed Reads

# Mapped Reads

SRR15202496

C57BL/6

9,026,340

8,612,480

6,113,445

SRR15202497

C57BL/6

7,825,455

7,659,766

5,128,790

SRR15202498

C57BL/6

7,114,978

6,789,090

4,098,024

SRR15202499

C57BL/6 + STZ

7,030,876

6,406,961

4,396,816

SRR15202500

C57BL/6 + STZ

7,559,486

7,158,236

5,059,385

SRR15202501

C57BL/6 + STZ

10,141,181

9,422,513

6,301,083

48,698,316

46,049,046

31,097,543

Total

Table 2. Pipeline raw reads, preprocessing, and mapping results
46,049,046 pre-processed reads were mapped against miRBase v22 reference miRNA sequences
for quantification using the miRDeep2 quantifier.pl script. 1,153 mature miRNA had at least one read
mapped to them.
Reads were also identified using the miRDeep2.pl script, revealing 193 potential novel miRNA.
Some statistics for the top 10 scoring novel miRNA from the miRDeep2.pl report are included in Table
3.

provisional id

miRDeep2 score

rfam alert

significant
randfold p value

example miRBase
miRNA with the
same seed

consensus mature sequence

chr12_5007

372.2

rRNA

no

-

ugaucucggaagcuaagcagggu

chr1_13

124.7

-

no

chr2_14074

85.9

chr2_12345

48

chr15_8345

rRNA/tRNA

hsa-miR-7855-5p

auggugagcacucuggacu

no

-

acuugagaggcccuggguuu

-

yes

-

ugaagacugaaauccaagagc

40.6

-

no

hsa-miR-657

agcagguuucagcuggggacu

chr9_23360

32.8

-

yes

-

ugggauagacuugcuuuucagu

chr10_2761

30.6

-

yes

-

aucuucaaagagacagagcugagg

chr2_12973

34.8

-

yes

-

uuacuaaugaucuaagccacca

chrX_24006

23.9

-

yes

-

aaguuugaagucaugaacaguu

chr5_18054

21.9

-

yes

-

ucguccuucucugcccugcagg

Table 3. Top 10 scoring pipeline novel miRNA identification results
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5.2 Shiny App Results
A minimum filter of 10 raw counts was applied to the miRDeep2 quantification results table,
identifying 627 unique mature miRNA sequences with at least 10 counts each.
DESeq2 analysis with FDR < 0.1 used 213 miRNA for p-value correction. 33 miRNAs had
adjusted p-value < . 05 and |log2 fold change| ≥ 0.585 and were identified as differentially expressed as
per the thresholds used in the publication. Samples clustered by treatment group in the heatmaps (Figure
26, Figure 27).

Figure 26. Sample-to-sample heatmap results
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Figure 27. Gene-to-gene heatmap results
Volcano plots and other plots showed differences in miRNA expression across sample groups
(Figure 28).
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Figure 28. Volcano plot results
mRNA sequencing results were used to quantify gene expression using a RNA-Seq
bioinformatics pipeline that was also developed for the microgravity project [38]. miRNA and gene
expression results were used for gene set analysis using the Shiny app.
Gene Set Enrichment analysis of differentially expressed genes identified several GO BP terms
that were related to visual processes, lens development, skin development, and epidermis development.
(Figure 29).
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Figure 29. DE Genes GSEA Ridge Plot
GO term overrepresentation analysis identified that differentially expressed genes participate in
immune responses, oxidation-reduction, and cell proliferation, which were all pathways discussed by the
authors of the original paper.
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Figure 30. Bar plot for GO MF overrepresentation analysis of downregulated DE genes

Figure 31. Bar plot for GO BP overrepresentation analysis of downregulated DE genes

Figure 32. Bar plot for GO BP overrepresentation analysis of upregulated DE genes
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Figure 33. Bar plot for GO BP overrepresentation analysis of DE genes

VI. DISCUSSION
This pipeline can be easily used on the San Jose State University HPC to quantify miRNA read
counts which can be used for differential expression analysis with the Shiny app. The only requirements
for running the pipeline are the reference genome for the species of interest and that miRBase has
reference mature and precursor miRNA sequences for the species of interest available.
While the pipeline and Shiny app were successfully used, there were some discrepancies
between the results and those in the original paper. Many of the genes discussed in the publication for
this dataset were not reported as differentially expressed by the DESeq2 analysis done using the Shiny
app.

miRNA

# Reads in Paper

# Reads using Pipeline

Filtered in Shiny DESeq2
analysis

miR-1946a

44

49

Yes

miR-196a-5p

24

23

Yes

miR-3095-3p

25

24

Yes

miR-483-3p

31

30

Yes

miR-615-3p

28

27

Yes

Table 4. Top five upregulated (by LFC) miRNA in the paper
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miRNA

# Reads in Paper

# Reads using Pipeline

Filtered in Shiny DESeq2
analysis

miR-138-1-3p

20

20

Yes

miR-138-5p

36

18

Yes

miR-1983

321

318

No

miR-212-3p

33

33

Yes

miR-770-3p

28

27

Yes

Table 5. Top five downregulated (by LFC) miRNA in the paper

miRNA

Regulation

Filtered in Shiny DESeq2 analysis

miR-1198-5p

Up

No

miR-125a-5p

Up

No

miR-128-3p

Up

No

miR-1943-5p

Up

Yes

miR-196a-5p

Up

Yes

miR-210-5p

Down

No

miR-212-3p

Down

Yes

miR-221-3p

Up

No

miR-222-3p

Up

No

miR-223-5p

Up

No

miR-6238

Up

Yes

miR-6899-3p

Up

Yes

Table 6. miRNA used for further screening in the paper, Shiny app independent filtering results
Only 1 of the top 5 upregulated and top 5 downregulated miRNAs in the paper was not
independently filtered during DESeq2 analysis. Only 7 of the 12 miRNA that were used for further
screening and follow-up studies were not independently filtered.
Since the miRNA quantification data was made available by the authors, the data was used to
determine the number of counts for the most differentially expressed 10 miRNA. All but 1 were
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independently filtered out during analysis with the app, but were correctly predicted to have large LFC
values. Counts were very similar for 9 of the 10 miRNA. All 9 miRNA that were independently filtered
had a mean of 27.89 reads mapped.
GO Overrepresentation analysis of pipeline quantification data resulted in enriched terms that are
mostly consistent with the results described in the publication. Cell cycle, proliferation, oxidation
reduction related terms overlapped but the Shiny app was unable to display enrichment of relevant terms
among differentially expressed targets of miRNA regulation.
Published quantification data was also used with the Shiny app, independently filtering the same
miRNA sequences mentioned. DESeq2 analysis of the published counts identified 33 total differentially
expressed miRNA, all of which were among the 34 same differentially expressed miRNA from the
pipeline read counts.
Quantification results were consistent but differences in differential expression analysis
methodologies may have resulted in GO enrichment differences. The analysis in the publication used
edgeR while the Shiny app uses DESeq2, which differ in multiple test correction methodologies among
other factors.
While the DESeq2 analysis was performed using a large FDR < 0.1, the number of
independently filtered miRNA which were studied in the publication suggest that adding alternative
differential expression options or adding an option to increase the FDR may be useful in detecting
certain biological signals from quantified reads.
In order to make the Shiny app a more useful tool for exploring miRNA and mRNA expression
data, features are still being added. Overrepresentation analysis of miRNA and miRNA-mRNA
regulation networks are two more methods that can be used to visualize presences of known targeting
interactions between quantified miRNA and mRNA. Tools such as this Shiny app can be used to find
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potential miRNAs, and miRNA-gene targeting pairs which can be further screened for their involvement
in some biological process, before conducting further studies.
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